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From Automated Function Prediction SIG 2011 featuring the CAFA Challenge: Critical Assessment of Function Annotations
Vienna, Austria. 15-16 July 2011

Abstract
Background: Many Automatic Function Prediction (AFP) methods were developed to cope with an increasing
growth of the number of gene sequences that are available from high throughput sequencing experiments. To
support the development of AFP methods, it is essential to have community wide experiments for evaluating
performance of existing AFP methods. Critical Assessment of Function Annotation (CAFA) is one such community
experiment. The meeting of CAFA was held as a Special Interest Group (SIG) meeting at the Intelligent Systems in
Molecular Biology (ISMB) conference in 2011. Here, we perform a detailed analysis of two sequence-based function
prediction methods, PFP and ESG, which were developed in our lab, using the predictions submitted to CAFA.
Results: We evaluate PFP and ESG using four different measures in comparison with BLAST, Prior, and GOtcha. In
addition to the predictions submitted to CAFA, we further investigate performance of a different scoring function to
rank order predictions by PFP as well as PFP/ESG predictions enriched with Priors that simply adds frequently
occurring Gene Ontology terms as a part of predictions. Prediction accuracies of each method were also evaluated
separately for different functional categories. Successful and unsuccessful predictions by PFP and ESG are also
discussed in comparison with BLAST.
Conclusion: The in-depth analysis discussed here will complement the overall assessment by the CAFA organizers.
Since PFP and ESG are based on sequence database search results, our analyses are not only useful for PFP and ESG
users but will also shed light on the relationship of the sequence similarity space and functions that can be inferred
from the sequences.

Background
New technologies have resulted in the abundance of
sequence data that needs to be assigned with functional
annotations. For example, the number of completely
sequenced genomes in KEGG [1] database has more than
doubled from 2007 (634 genomes) to 2012 (1646 genomes). This rapid growth in the sequenced data coupled
with the lack of human resources to manually curate these
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genomes have resulted into the need to develop computational function annotation techniques [2-6]. The Automatic Function Prediction (AFP) community is attempting
to bridge this gap by developing techniques that predict
function annotations for proteins. In addition to conventional homology search methods, e.g. BLAST [7], FASTA
[8], SSEARCH [9], and motif/domain searches, e.g.
PRINTS [10], ProDom [11], Pfam [12], InterPro [13], and
BLOCKS [14], several advanced methods were developed
that extract function information thoroughly from
sequence database search results. These methods include
PFP [15,16], ESG [17], GOtcha [18], GOPET [19], OntoBlast [20], GOFigure [21], and ConFunc [22]. On the
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other hand, SIFTER [23], FlowerPower [24], and Orthostrapper [25] employ phylogenetic trees to transfer functions to target genes in the evolutionary context. There
are other function prediction methods considering
co-expression patterns of genes [26-30], 3D structures of
proteins [31-39] as well as interacting proteins in largescale protein-protein interaction networks [40-45].
For the advancement of such computational techniques
it is very important that there are community wide efforts
for objective evaluation of prediction accuracy. Community-wide prediction assessments have become popular in
several computational prediction areas. Such experiments
include CASP (Critical Assessment of techniques for
Structure Prediction) [46] CAPRI (Critical Assessment of
PRediction of Interactions) [47], and CAGI (Critical
Assessment of Genome Interpretation) (http://cagi2010.
org/). For the field of AFP, some experiments have been
held in the past, which include MouseFunc 2006 (http://
hugheslab.med.utoronto.ca/supplementary-data/mouseFunc_I/), ISMB (Intelligent Systems in Molecular
Biology) AFP SIG (Special Interest Group) 2005 [48], the
2006 AFP meeting [49], and also the function prediction
category in CASP6 [50] and CASP7 [51]. As a part of
recently concluded ISMB conference 2011, CAFA (Critical Assessment of Function Prediction) experiment was
conducted to gauge the Gene Ontology (GO) [52] prediction accuracy of various AFP methods (http://biofunctionprediction.org/).
In the CAFA experiment in 2011, in total of 48,298
target protein sequences were released for prediction,
which consist of seven eukaryotic genomes, eleven prokaryotic genomes, and a supplementary set of additional
sequences. The participating predictor groups were
expected to submit GO annotations for these targets in
Biological Process (BP) and Molecular Function (MF)
domains. Out of these set, the organizers selected 436 targets in BP domain and 366 targets in MF domain that
newly obtained experimental annotation in the SWISSPROT database from January to May 2011, which is after
the closing of the submission. Submitted predictions were
evaluated using different prediction accuracy measures
described in Methods.
We have submitted predictions using two methods
developed in our group, the Protein Function Prediction
(PFP) method [15,16] or the Extended Similarity Group
(ESG) method [17]. PFP and ESG use PSI-BLAST
sequence database search results, from which function
information is extracted extensively, even from weakly
similar sequences. In this article, we analyze the prediction performance of these two methods in comparison
with BLAST, the Prior method, and GOtcha [18], whose
predictions are provided by the CAFA organizers. Prediction performance evaluation employed four metrics used
by the organizers; the threshold method, the top N
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method, the weighted threshold method, and the semantic similarity method (see Methods). Besides evaluating
original predictions by PFP and ESG submitted to CAFA,
we further investigated the following to have a better
understanding of their performance: 1) For PFP predictions, we reranked predicted GO terms using a different
score from the originally used score and compared the
performances; 2) We combined PFP and ESG predictions
with those from the Prior method that simply ranks GO
term by the background frequency in a database; 3) We
evaluated prediction accuracies of each method separately for different functional categories; and 4) We
examined successful and unsuccessful predictions by PFP
and ESG in comparison with BLAST. The in-depth analysis discussed here will complement the overall assessment by the CAFA organizers that will be published
elsewhere. Since PFP and ESG are based on sequence
database search results, our analyses are not only useful
for PFP and ESG users but will also shed light on the
relationship of the sequence similarity space and functions that can be inferred from the sequences.

Methods
Function prediction methods

In this section we briefly describe the AFP methods that
are compared in this study. First we explain the PFP and
ESG methods. Then BLAST, the Prior method, and
GOtcha, whose prediction results were provided by
CAFA organizers, are also described. Predictions in the
MF and the BP domain were evaluated by comparing
them with annotations with experimental evidences (i.e.
non Inferred Electronic Annotations; non-IEA) in the
UniProt database. For each target, predictions were
restricted to 1000 highest score predictions with the
score ranging between 0 and 1.
Protein function prediction (PFP) algorithm

The PFP algorithm [15,16] uses PSI-BLAST to obtain
sequence hits for a target sequence and computes the
score to GO term fa as follows:
s(fa) =

N Nfunc(i)

 
i=1



− log(Evalue(i)) + b P(fa|fj) , (1)

j=1

where N is the number of sequence hits considered in
the PSI-BLAST hits, Nfunc(i) is the number of GO annotations for the sequence hit i, E-value(i) is the PSI-BLAST
E-value for the sequence hit i, fj is the j-th annotation of
the sequence hit i, and constant b takes value 2 (=
log 10 100) to keep the score positive when retrieved
sequences up to E-value of 100 are used. The conditional
probabilities P(fa|fj) are to consider co-occurrence of GO
terms in single sequence annotation, which are computed
as the ratio of number of proteins co-annotated with GO
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terms fa and fj as compared with ones annotated only with
the term fj. To take into account the hierarchical structure
of the GO, PFP transfers the raw score to the parental
terms by computing the proportion of proteins annotated
with fa relative to all proteins that belong to the parental
GO term in the database. The score of a GO term computed as the sum of the directly computed score by Eqn. 1
and the ones from the parental propagation is called the
raw score.
In addition to the raw score, we also compute the
p-value and the confidence score for a GO term. The purpose of computing the p-value of a GO term is to consider
the background distribution of the raw scores of the GO
term. It is computed using a term specific raw score distribution obtained from predictions made for protein
sequences in a benchmarking dataset of eleven genomes.
Then, the confidence score is further computed from the
p-value by considering the percentage of correct predictions at each p-value within 0, 2, and 4 edge distance of
the target term on the GO structure. In CAFA, predicted
GO terms by PFP were sorted by the confidence score.
Extended Similarity Group (ESG) algorithm

ESG [17] recursively performs PSI-BLAST searches from
sequence hits obtained in the initial search from the target
sequence, thereby performing multi-level exploration of
the sequence similarity space around the target protein.
Each sequence hit in a search is assigned a weight that is
computed as the proportion of the -log (E-value) of the
sequence relative to the sum of -log (E-value) from all the
sequence hits considered in the search of the same level;
and this weight is assigned for GO terms annotating the
sequence hit. The weights for GO terms found in the second level search are computed in the same fashion. Ultimately the score for a GO term is computed as the total
weight from the two levels of the searches. The score for
each GO term ranges from 0 to 1.0.
The prior method

In the prior method, each GO term is assigned the frequency of its occurrence in SWISS-PROT (January 2011
version) including a pseudo count of 1. For a given target
sequence, top 1000 GO terms with highest frequencies
were selected as predictions. Thus, all target sequences
have the same set of predictions by this method. The
prior predictions for each target were provided by the
organizers.
We have also combined the prior predictions with predictions by PFP and ESG. These predictions are called
the enriched PFP/ESG or PFP/ESG + Prior. In PFP +
Prior, we added GO terms to PFP predictions that were
not predicted by PFP (the expected accuracy was used
for the PFP score). The score (i.e. frequency) for GO
terms imported from the prior method was rescaled by
considering maximum and minimum scores of PFP predictions for that target. GO terms originally predicted by
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PFP and ones imported from the prior method were
sorted by the score. Similar to the PFP + Prior, ESG +
Prior also combined the original ESG predictions and
GO terms from the prior method that were not predicted
by ESG. Since both the ESG score and the frequency in
the prior method range from 0 to 1, GO terms from the
two methods were sorted by the score without rescaling.
BLAST

BLAST search [7] with default parameters was performed
for each target sequence. The score for a particular annotation term was the maximum sequence identity with the
hit annotated with that term. Predictions by BLAST were
provided by the organizers.
GOtcha

GOtcha [18] incorporates the hierarchical structure of
GO vocabulary with the idea of homology based annotation transfer to achieve improved coverage. It uses
BLAST [7] to search similar sequence hits and assigns a
score, -log(E-value), to each GO annotation of the
sequence hits and its less specific ancestors in the GO
hierarchy. The scores assigned to each GO node from all
the sequence hits are summed and then normalized
using the score of the root of either MF or BP ontology.
The normalized score thus obtained is referred as
I-score, which was used for selecting target annotations.
Predictions by GOtcha were provided by the organizers.
Assessment methods for prediction accuracy

In CAFA, predictions were evaluated using four different
methods. The threshold and the top N methods count
exact match of predicted and the actual annotations,
punishing any predictions that are more or less specific
than the actual annotations. On the other hand, the
weighted threshold and the semantic similarity take into
account the information content of terms being matched
on the GO hierarchy. Please refer to the organizers’
paper in the same journal issue for more details. We have
used Gene Ontology version October 2011 for obtaining
ancestors for each GO term.
Threshold method

For each prediction method we use thresholds ranging
from 0.01 to 1.0 to calculate the average precision, recall,
and specificity for all targets. For each target if a particular
prediction has a score above the threshold, the predicted
GO term is propagated to the root of the ontology. The
performances are analyzed in terms of precision-recall
curve and the receiver operator characteristic (ROC). For
the threshold method, when using PFP raw scores that are
not scaled between 0 and 1, we selected 1 to 1000 GO
term predictions by the increments of 5 and compute
average precision, recall and specificity for all targets.
Top N

The top N highest scoring predictions for a prediction
method are taken into consideration with N varying from
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1 to 20. For all the predictions within top N, parental
annotations until the root of the ontology are included.
All predicted annotations with a tie score at a particular
ranking are considered for the cutoff.
Weighted threshold

As shown in Equation 2, frequency of a GO term c in
the database is computed as the number of gene products annotated by term c and its children h in the GO
hierarchy.
freq(c) = annot(c) +


h∈child(c)

freq(h),

(2)

where annot(c) is the number of gene products annotated by non IEA evidence codes in September 2011
version of SWISS-PROT database. Probability of a particular term c, p(c) = freq(c)/freq(root), is computed as the
ratio of the frequency of c against the frequency of the
root term of the MF or BP ontology. Information content of term c is given by IC(c) = -log10(p(c)). Using this
information content, weighted precision is calculated as
the sum of information content of the terms in the true
positive set divided by the sum of information content
of the terms in the true and false positive sets. Similarly,
weighted recall is computed as the sum of information
content of the terms in the true positive set divided by
the sum of information content of the terms in the true
positive and false negative sets. As with the previous
methods, if a particular prediction is above the given
threshold, then its ancestors till the root of the ontology
are included in the prediction set.
Semantic similarity

Semantic similarity for a pair of GO terms is given by the
maximum information content of a shared ancestor of
both terms and it is averaged between all pairs of true and
predicted terms to obtain the semantic similarity for a target. We calculate the semantic precision for a target protein as the average of the difference between the IC of a
predicted term and the maximum of the IC of common
parental terms between the predicted term and any correct term. Similarly, semantic recall is calculated for a
target as the average of the difference between the IC of a
true term and the maximum of the IC of common parental terms between the true term and any predicted term.
Here the information content values are based on the
Prior probabilities for each term provided by the CAFA
organizers. The average semantic similarity, semantic precision and semantic recall are computed across all targets
at each threshold varying from 0.01 to 1.0.

Results
PFP with raw scores

In the CAFA experiment we submitted PFP predictions
sorted by the confidence score. In this section, we ranked

predicted GO terms by PFP according to the raw score
and examined how its performance compared with the
confidence score and the other methods. From ranked
list of PFP predictions by their raw score, precision,
recall, and specificity were calculated at each of the top N
predictions taken with an interval of 5.
Figure 1 shows the precision-recall curve and the ROC
of PFP with raw score compared with the other methods.
For the BP domain, we observe that PFP with raw score
(PFP_RAW in the plots) has slightly higher precision for a
given recall value than PFP predictions ranked by the confidence score (PFP). PFP with raw score has clearly better
performance than PFP with confidence score in the ROC
curve (Figure 1B), particularly at lower false positive range
(x-axis). The similar behavior of PFP raw score is observed
for predictions in the MF domain (Figure 1C &1D). These
results indicate that the confidence score of PFP, which is
computed in two steps from the raw score via the p-score
distribution (see Methods), was not very successful in
ranking predicted GO terms especially at top ranks (lower
false positive regions). Thus, derivation of the confidence
score need s to be reexamined and probably revised.
PFP and ESG with enriched priors

Next, we combined the PFP and ESG predictions with the
prior predictions (PFP + Prior, ESG + Prior) to see if PFP/
ESG predictions were missing obvious GO terms (Figure
2). We show the performance of the methods is evaluated
with the top N method, where N ranges from 1 to 20.
ESG with enriched priors (ESG + Prior) shows the best
performance among all the methods in BP domain when
evaluate by the precision-recall plot (Figure 2A). The
improvement by ESG + Prior over ESG is also observed
in terms of ROC (Figure 2B). ESG + Prior also performed
better than ESG in the MF domain (Figures 2C &2D).
ESG tends to predict fewer GO terms than even BLAST
since its algorithm essentially selects terms that are consistently identified by iterative searches. The results in
Figure 2 indicate that obvious GO terms in Prior were
not included in ESG predictions. Since some GO terms
may be lost in the iterative process of the ESG algorithm,
the scoring scheme needs to have a close inspection as a
future work. On the other hand, adding Prior prediction
to PFP did not show any improvement over PFP, which
indicates that PFP’s predictions already include correct
terms from Prior.
PFP and ESG with semantic similarity

In Figure 3 the performance of the methods are evaluated
in terms of the semantic similarity. The average of the
semantic similarity between all pairs of true and predicted GO terms for each method is plotted relative to
thresholds in Figure 3A and 3C for the BP and MF
domain, respectively. It is shown that ESG’s performance
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Figure 1 Performance of PFP (confidence score), PFP prediction sorted by the raw score (PFP_RAW), ESG, PRIOR, BLAST, and GOtcha.
A, Precision - Recall plot for the BP domain. B, ROC for the BP domain. C, Precision - Recall plot for the MF domain. D, ROC for the MF domain.

is significantly better than the other methods for both BP
and MF targets. PFP performance is average among all
the teams in this measure. On the other hand, PFP stands
out in the semantic precision and recall plots (Figures 3B
&3D). ESG comes second in the BP domain (Figure 3B)
but shows worst performance among all in the prediction
of MF terms (Figure 3D).
Prediction accuracy for different GO terms
In Figure 4, we analyze the prediction accuracy for different GO terms. Only GO terms and their child terms
that are used for annotating 25 or more targets are considered. This results in 77 BP terms and 11 MF terms for this
analysis.
For each GO term under consideration, we identified target proteins that are annotated by the GO term and
counted how many were correctly predicted to have the
same annotation by each of the prediction methods. For
example, there were 38 out of 436 BP targets that were
annotated by the BP GO term GO:0006810 transport. The
number of targets out of 38 that were predicted by a

method to have the same annotation were considered as
true positives (TP) and the targets that were not predicted were considered as false negatives (FN). The rest of
the 398 targets that do not have actual annotation
(GO:0006810 transport) but were predicted to have this
annotation were considered as false positives (FP). To take
into account of the fact that parental terms of a GO term
were less specific descriptions of the same function, we
have included all the ancestors of each predicted term
shortlisted based on the cutoff score used. For each
selected term at the cutoffs ranging from 0.01 to 1.00, precision, TP/(TP+FP), and recall, TP/(TP+FN), were computed. Further, F1 measure for the term is calculated as the
maximum harmonic mean at each cutoff, which is given by
F1 =

2∗ Precision∗ Recall
Precision + Recall

(3)

We compared PFP (using the confidence score)
and ESG predictions submitted to CAFA, BLAST,
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Figure 2 Performance of PFP and ESG with enriched priors (PFP/ESG+PRIOR), PFP, ESG, Prior, BLAST and GOtcha. The top N method was
used for this evaluation. A, Precision - Recall plot for the BP domain; B, ROC for the BP domain; C, Precision - Recall plot for the MF domain; D,
ROC for the MF domain.

Priors, GOtcha and enriched PFP and enriched ESG
predictions.
Out of the 77 BP terms, ESG showed the highest F1
measure among the seven methods for 31 terms. PFP,
Priors, BLAST, GOtcha, enriched PFP, and enriched ESG
showed highest F1 measure for 3, 1, 22,20, 3, and 19
(ESG has 19 ties with enriched ESG and PFP has 3 ties
with enriched PFP) terms, respectively. The average F1
measures across the 77 BP terms by PFP, ESG, Prior,
BLAST, GOtcha, enriched PFP, and enriched ESG were
0.288, 0.367, 0.222, 0.329, 0.329, 0.291, and 0.342, respectively. In Figure 4A a sample of 20 BP terms out of 77 is
shown. For the term GO:0006950 response to stress that
is used to annotate 69 proteins, ESG showed the best F1
measure value of 0.36 followed by PFP (0.30) and GOtcha
(0.31). On the other hand, for GO:0016043 cellular component organization that shares annotations with 64 BP
targets, all five methods except Priors and enriched ESG
showed comparable performance with F1 measure

around 0.35. Overall, the enriched PFP method showed
almost identical F1 scores to PFP whereas the enriched
ESG showed slightly lower average F1 score as compared
to ESG. Enriched ESG showed a higher recall than ESG
but with a lower precision, which overall decreased the
F1 score than ESG.
Figure 4B shows the results for the eleven MF terms. In
six out of eleven terms annotating more than 25 targets,
ESG showed the best F1 measure. PFP, Prior, BLAST,
GOtcha, enriched PFP, and enriched ESG had the highest
F1 score for 0, 0, 1, 5, 0, and 4 categories, respectively
(ESG, enriched ESG, and GOtcha have tie for one case as
well as ESG and enriched ESG tie for 4 cases). The average F1 scores across the eleven terms for PFP, ESG,
Prior, BLAST, GOtcha, enriched PFP, and enriched ESG
are 0.374, 0.484, 0.298, 0.386, 0.474, 0.375, and 0.474
respectively. Thus, overall ESG performed best for both
BP and MF domains. In this analysis (Figure 4), generally
it is observed for both BP and MF domains that all
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Figure 3 Performance of PFP and ESG as compared with Prior, BLAST, and GOtcha using semantic similarity method. A, Semantic
similarity relative to the score threshold. Predictions in the BP domain are evaluated; B, semantic precision vs semantic recall for the BP domain;
C, Semantic similarity relative to the score threshold in the MF domain; D, semantic precision vs semantic recall for the MF domain.

sequence database search-based methods showed higher
average F1 scores than Prior for most of the terms. Also
for many terms, PFP, ESG, and GOtcha, which are built
on (PSI-)BLAST performed better than BLAST.
Examples of successful and failed of PFP and ESG
predictions

Finally, we discuss the prediction examples (Table 1)
where PFP, ESG, and BLAST succeeded at different levels
that provide insights into the advantages and shortcomings of our methods. Each case in Table 1 shows correct
target annotations propagated till the root of the ontology which were predicted by PFP, ESG, and BLAST.
Since the number of actual and predicted GO terms for a
target can be very large (over 100) when predictions of
low scores are included, Table 1 includes only terms that
are relevant to discussion.
The first example is T06450, Escherichia coli protein
trbA, which is annotated with GO:0042026 protein

refolding as per the CAFA target annotations. BLAST
search finds only one sequence hit O26024 that does not
have any non-IEA annotation in the database resulting in
no predictions. As for ESG, some of the correct low resolution annotations are extracted from a sequence hit
Q9UZ03 retrieved in the first iteration of PSI-BLAST
search with very large E-value (above 1) and its second
level hits, including Q8A608, Q64PS6, Q5L9I8. These
predicted annotations are parental terms of actual annotations. For example, a predicted term, GO:0008152
metabolic process, is a parental term of GO:0042026 protein refolding, and GO:0008652 amino acid biosynthetic
process shares a common ancestor GO:0044237 cellular
metabolic process with the target annotation GO:0042026
protein refolding. PFP was able to predict some low resolution parental terms of the correct annotation such as
GO:0046483 cellular macromolecule metabolic process
and GO:0044260 cellular protein metabolic process, with
significantly high confidence scores of 0.81 and 0.99.
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Figure 4 Prediction accuracy evaluated for each functional category. Each row represents a GO term category and each column represents
a prediction method. Count refers to the number of target proteins that were annotated by the given a GO term in the category. The F1
measure was used for evaluation. The color ranges from white (minimum) to red (maximum score). A, the BP domain. Results of a sample of 20
terms are shown, which are taken out of the 77 BP terms annotating 25 or more targets. B, the MF domain. Results for 11 MF terms each
annotating 25 or more targets are shown.
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Table 1 CAFA target prediction examples for PFP, ESG, and BLAST
CAFA Target
T06450, E. coli A34 Protein trbA
F1 measure
PFP:0.9
ESG:0.2
BLAST:0

GO Term

Definition

Score

Selected CAFA Target GO:0008152
Annotations
GO:0044238
GO:0044237
GO:0043170
GO:0044260
GO:0019538
GO:0044267
GO:0006457
GO:0042026

metabolic process
primary metabolic process
cellular metabolic process
macromolecule metabolic process
cellular macromolecule metabolic process
protein metabolic process
cellular protein metabolic process
protein folding
protein refolding

Selected PFP
Annotations

GO:0044260
GO:0015804
GO:0046483
GO:0009110
GO:0019538
GO:0009110
GO:0019538

cellular protein metabolic process
carboxylic acid metabolic process
cellular macromolecule metabolic process
neutral amino acid transport
heterocycle metabolic process
vitamin biosynthetic process
protein metabolic process

0.99
0.81
0.81
0.8
0.8
0.77
0.77

Selected ESG
Annotations

GO:0000746
GO:0006810
GO:0008643
GO:0007165
GO:0008152
GO:0008652

conjugation
transport
carbohydrate transport
signal transduction
metabolic process
amino acid biosynthetic process

0.61
0.2
0.12
0.09
0.05
0.05

Selected BLAST
Annotations
T06299, E. coli rutE
F1 measure
PFP:0.18
ESG:0.13
BLAST:0

Selected CAFA Target GO:0019740
Annotations
GO:0008152
GO:0034641
GO:0006139
GO:0006206
GO:0019860
GO:0006208
GO:0006212

nitrogen utilization
metabolic process
cellular nitrogen compound metabolic process
nucleobase, nucleoside, nucleotide and nucleic acid
metabolic process
pyrimidine base metabolic process
uracil metabolic process
pyrimidine base catabolic process
uracil catabolic process

Selected PFP
Annotations

GO:0006139 nucleobase, nucleoside, nucleotide and nucleic acid
GO:0046131 metabolism
pyrimidine ribonucleoside metabolism

1
1

Selected ESG
Annotations

GO:0055114 oxidation-reduction process

1

Selected BLAST
Annotations
T05345, E. coli Sensor protein CpxA
F1 measure
PFP:0.32
ESG:0.68
BLAST:0.43

Selected CAFA Target GO:0008152
Annotations
GO:0044237
GO:0006796
GO:0016310
GO:0044260
GO:0006464
GO:0043687
GO:0006468
GO:0046777

metabolic process
cellular metabolic process
phosphate metabolic process
phosphorylation
cellular macromolecule metabolic process
protein modification process
post-translational protein modification
protein amino acid phosphorylation
protein amino acid auto phosphorylation

Selected PFP
Annotations

signal transduction
phosphorylation
nucleobase, nucleoside, nucleotide and nucleic acid
metabolism
regulation of metabolism
biopolymer metabolism

GO:0007165
GO:0016310
GO:0006139
GO:0019222
GO:0043283

GO:0006464 protein modification
GO:0006468 protein amino acid phosphorylation
GO:0015698 inorganic anion transport
Selected ESG
Annotations

GO:0000160
GO:0007165
GO:0018106
GO:0016310
GO:0009405
GO:0006950

1
1
1
1
1
0.99
0.99
0.99

two-component signal transduction system (phosphorelay) 1
signal transduction
1
peptidyl-histidine phosphorylation
1
phosphorylation
0.93
pathogenesis
0.39
response to stress
0.33
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Table 1 CAFA target prediction examples for PFP, ESG, and BLAST (Continued)
Selected BLAST
Annotations

T18799, Homo sapiens Ribonuclease H2
subunit B
F1 measure
PFP:0.5
ESG:0.47
BLAST:0.79

GO:0000160
GO:0006950
GO:0009987
GO:0009628
GO:0006979
GO:0044260
GO:0043687
GO:0006468
GO:0046777

two-component signal transduction system (phosphorelay) 0.39
response to stress
0.39
cellular process
0.39
response to abiotic stimulus
0.39
response to oxidative stress
0.39
cellular macromolecule metabolic process
0.28
post-translational protein modification
0.28
protein amino acid phosphorylation
0.28
protein amino acid auto-phosphorylation
0.25

Selected CAFA Target GO:0006139
Annotations
GO:0006401
GO:0006401
GO:0044248
GO:0034641
GO:0044260
GO:0090304

nucleobase, nucleoside, nucleotide and nucleic acid
metabolic process
RNA catabolic process
RNA catabolic process
cellular catabolic process
cellular nitrogen compound metabolic process
cellular macromolecule metabolic process
nucleic acid metabolic process

Selected PFP
Annotations

GO:0050789
GO:0044267
GO:0046451
GO:0006351
GO:0044260
GO:0006721
GO:0044238
GO:0016070

regulation of biological process
cellular protein metabolism
diaminopimelate metabolism
transcription, DNA-dependent
cellular macromolecule metabolism
terpenoid metabolism
primary metabolism
RNA metabolism

Selected ESG
Annotations

GO:0006412 translation
GO:0006418 tRNA aminoacylation for protein translation
GO:0006429 leucyl-tRNA aminoacylation

0.02
0.01
0.01

Selected BLAST
Annotations

GO:0006139
GO:0006259
GO:0006260
GO:0006261
GO:0006271
GO:0006401
GO:0006807

0.4
0.4
0.4
0.4
0.4
0.4
0.4

nucleobase, nucleoside, nucleotide and nucleic acid
metabolic process
DNA metabolic process
DNA replication
DNA-dependent DNA replication
DNA strand elongation involved in DNA replication
RNA catabolic process
nitrogen compound metabolic process

1
0.9
0.86
0.83
0.83
0.82
0.81
0.41

This table shows partial list of GO annotations and their ancestors for four targets that have been predicted using PFP, ESG, and BLAST. The first column lists the
target IDs along with the maximum F1 score among predictions at all cutoffs using the predicted terms and their ancestors from each method. For each method
we list the predicted GO annotations and partial list of their ancestors along with their scores.

Both these terms are not part of annotations of any of the
PSI-BLAST hit but received partial scores by considering
co-occurrence of GO terms (i.e. P(fa|fj) in Eq. 1).
The second example, T06299, rutE from E. coli, is
annotated by two leaf terms GO:0019740 nitrogen utilization and GO:0019860 uracil metabolic process. For
this target BLAST again does not predict anything as
there are no search hits with non IEA annotations.
Using IEA annotation of highly similar PSI-BLAST hits,
ESG predicted GO:0055114 oxidation-reduction process,
which shares a shallow common ancestor GO:0008152
metabolic process with a target term GO:0006212 uracil
catabolic process. Similar to the previous example, PFP
again predicted low resolution annotations GO:0006139
nucleobase, nucleoside, nucleotide and nucleic acid
metabolism and GO:0046131 pyrimidine ribonucleoside
metabolism thereby showing higher sensitivity when no
close homologs are available for annotation transfer.
The third target T05345 is sensor protein CpxA from
E. coli with leaf annotation GO:0046777 protein amino

acid autophosphorylation. ESG predicted GO:0018106
peptidyl-histidine phosphorylation, which shares an
immediate parent GO:0006468 protein amino acid phosphorylation with the target term GO:0046777 protein
amino acid autophosphorylation. Also another term
GO:0016310 phosphorylation, which is an ancestor of
the target annotation is predicted by ESG with a high
score of 0.93. PFP correctly predicts the ancestors of the
target term, GO:0016310 phosphorylation, GO:0006464
protein modification and GO:0006468 protein amino
acid phosphorylation with very high scores. BLAST predicts the target term and its ancestors with lower scores
along with a number of unrelated predictions with high
scores. Overall all the methods are able to predict the
target term or its close ancestors, but the total number
of terms predicted by BLAST (193 terms) and PFP (134
terms) are significantly higher than ESG (7 terms),
resulting into more precise predictions by ESG.
The last example, T18799, Homo sapiens Ribonuclease
H2 subunit B, is annotated by a leaf term GO:0006401
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RNA catabolic process which has been accurately predicted by BLAST. BLAST obtains this correct annotation
from sequence hits such as Q5TBB1, Q5XI96, Q3ZBI3,
Q80ZV0, Q28GD9, and Q5HZP1. These sequences were
also found by ESG, however, due to use of an older database that do not have updated annotations for these
sequences, no correct annotation was retrieved. There
are some shared ancestors, e.g. GO:0016070 RNA metabolic process, GO:0090304 nucleic acid metabolic process,
GO:0044260 cellular macromolecule metabolic process
between the low scoring ESG prediction GO:0006429
leucyl-tRNA aminoacylation and the target annotation
GO:0006401 RNA catabolic process. PFP was able to correctly predict low resolution terms, GO:0044260 cellular
macromolecule metabolism and GO:0016070 RNA
metabolism.
To summarize, the first and the second examples illustrate a situation where PFP predicts low resolution parental terms of actual annotations while BLAST can only
find 1 or 0 terms. There are PFP’s successful prediction
which were found indirectly by using the GO term cooccurrence. In the second example, IEA annotations lead
to correct predictions for ESG and PFP. The third example is the case that ESG made predictions with higher
precision with smaller number of false positives than
BLAST and ESG. The last example is that ESG missed to
make correct prediction because the sequence database
which was searched was not up-to-date.

Discussion
In this work we have analyzed the prediction performance of PFP and ESG in the CAFA 2011 experiment.
In addition to the original submission of PFP and ESG,
we have investigated the performance of a different scoring function (the raw score) for PFP, to examine if quick
improvement is possible by considering prior knowledge
of frequency of GO terms in the database (i.e. PFP +
Prior, ESG + Prior). Moreover, we evaluated prediction
accuracy at each functional categories and provided illustrative examples to understand successful and failed predictions by PFP and ESG.
Several points can be concluded from this study:
Firstly, correct function information can be extracted
from BLAST results more extensively than simply taking
GO terms from top hits as demonstrated in some of the
results that show superior performance by PFP, ESG, and
GOtcha over BLAST. However, there are situations
where PFP and ESG’s performance compared unfavorably to BLAST and Prior depending on how performance
is evaluated. Also we observed that ESG predictions are
improved by simply adding Prior. Thus, we believe there
is still room for improvement by devising techniques for
consistently extracting accurate information thoroughly
from (PSI-)BLAST results. It is observed that IEA terms
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provided correct information in several cases, which led
to better performance by PFP/ESG over BLAST that only
considered non-IEA hits. Keeping IEA information in the
database would enlarge areas in the sequence similarity
space with functional information, and thus increase the
chance to retrieve correct function information, although
one should always keep in mind that IEA may be incorrect, and moreover, careless applications of computational function prediction methods would increase
incorrect IEA and propagate erroneous annotation
through databases [53,54].

Conclusion
We have analyzed function predictions by PFP and
ESG that were submitted to CAFA 2011. Overall ESG
and PFP showed better performance than BLAST and
Prior, but there are also opposite situations. Some of
the lessons learned would be generally useful for developers and users of computational function prediction
methods.
Financial Competing Interests
The authors declare that they have no financial competing interests.
Authors’ Contributions
MC submitted predictions to CAFA. In addition, MC participated in design,
implementation of evaluation programs for the study, performed the
analysis, and drafted the paper. IK coded some of the evaluation programs,
performed the analysis, and drafted the paper. DK conceived of the study,
participated in its design, and finalized the manuscript. All authors read and
approved the final manuscript.
Competing Interests
The authors declare that they have no competing interests.
Acknowledgements
We would like to thank the CAFA 2011 organizers for providing target
annotations, prediction and analysis results for Prior, BLAST and GOtcha
methods. This work has been supported by grants from the National
Institutes of Health (R01GM075004, R01GM097528) and from National
Science Foundation (DMS0800568, EF0850009, IIS0915801). MC is a recipient
of Bilsland Dissertation fellowship at Purdue University.
Declarations
This article has been published as part of BMC Bioinformatics Volume 14
Supplement 3, 2013: Proceedings of Automated Function Prediction SIG
2011 featuring the CAFA Challenge: Critical Assessment of Function
Annotations. The full contents of the supplement are available online at
http://www.biomedcentral.com/bmcbioinformatics/supplements/14/S3.
Author details
1
Department of Computer Science, Purdue University, 305 N. University
Street, West Lafayette, Indiana, 47907, USA. 2Department of Biological
Sciences, Purdue University, 915 W. State Street, West Lafayette, Indiana,
47907, USA.
Published: 28 February 2013
References
1. Kanehisa M, Goto S: KEGG: Kyoto encyclopedia of genes and genomes.
Nucleic acids research 2000, 28:27-30.

Chitale et al. BMC Bioinformatics 2013, 14(Suppl 3):S2
http://www.biomedcentral.com/1471-2105/14/S3/S2

2.
3.

4.
5.
6.
7.
8.
9.
10.

11.

12.

13.

14.
15.

16.

17.

18.

19.

20.

21.
22.
23.
24.

25.

26.

27.

28.

Bujnicki JM: Prediction of protein structures, functions, and interactions Wiley
Online Library; 2009.
Chitale M, Kihara D: Computational protein function prediction:
Framework and challenges. In Protein function prediction for omis era
Kihara D. Springer Verlag 2011, 1-17.
Eisenberg D, Marcotte EM, Xenarios I, Yeates TO: Protein function in the
post-genomic era. Nature 2000, 405:823-826.
Friedberg I: Automated protein function prediction–the genomic
challenge. Briefings in bioinformatics 2006, 7:225-242.
Hawkins T, Kihara D: Function prediction of uncharacterized proteins.
Journal of bioinformatics and computational biology 2007, 5:1-30.
Altschul SF, Gish W, Miller W, Myers EW, Lipman DJ: Basic local alignment
search tool. Journal of molecular biology 1990, 215:403-410.
Pearson WR: Rapid and sensitive sequence comparison with FASTP and
FASTA. Methods in enzymology 1990, 183:63-98.
Pearson WR, Lipman DJ: Improved tools for biological sequence comparison.
Proceedings of the National Academy of Sciences 1988, 85:2444-2448.
Attwood TK, Bradley P, Flower DR, Gaulton A, Maudling N, Mitchell AL, et al:
PRINTS and its automatic supplement, prePRINTS. Nucleic acids research
2003, 31:400-402.
Bru C, Courcelle E, Carrere S, Beausse Y, Dalmar S, Kahn D: The ProDom
database of protein domain families: more emphasis on 3D. Nucleic acids
research 2005, 33:D212-D215.
Finn RD, Mistry J, Schuster-Bockler B, Griffiths-Jones S, Hollich V,
Lassmann T, et al: Pfam: clans, web tools and services. Nucleic acids
research 2006, 34:D247-D251.
Hunter S, Apweiler R, Attwood TK, Bairoch A, Bateman A, Binns D, et al:
InterPro: the integrative protein signature database. Nucleic acids research
2009, 37:D211-D215.
Pietrokovski S, Henikoff JG, Henikoff S: The Blocks database – a system for
protein classification. Nucleic acids research 1996, 24:197-200.
Hawkins T, Luban S, Kihara D: Enhanced automated function prediction
using distantly related sequences and contextual association by PFP.
Protein Science 2006, 15:1550-1556.
Hawkins T, Chitale M, Luban S, Kihara D: PFP: Automated prediction of
gene ontology functional annotations with confidence scores using
protein sequence data. Proteins: Structure, Function, and Bioinformatics
2009, 74:566-582.
Chitale M, Hawkins T, Park C, Kihara D: ESG: extended similarity group
method for automated protein function prediction. Bioinformatics 2009,
25:1739-1745.
Martin D, Berriman M, Barton G: GOtcha: a new method for prediction of
protein function assessed by the annotation of seven genomes. BMC
Bioinformatics 2004, 5:178-194.
Vinayagam A, del Val C, Schubert F, Eils R, Glatting KH, Suhai S, et al:
GOPET: a tool for automated predictions of Gene Ontology terms. BMC
Bioinformatics 2006, 7:161-167.
Zehetner G: OntoBlast function: From sequence similarities directly to
potential functional annotations by ontology terms. Nucleic Acids Res
2003, 31:3799-3803.
Khan S, Situ G, Decker K, Schmidt CJ: GoFigure: Automated Gene
Ontology annotation. Bioinformatics 2003, 19:2484-2485.
Wass MN, Sternberg MJ: ConFunc–functional annotation in the twilight
zone. Bioinformatics 2008, 24:798-806.
Engelhardt BE, Jordan MI, Muratore KE, Brenner SE: Protein molecular function
prediction by Bayesian phylogenomics. PLoS Comput Biol 2005, 1:e45.
Krishnamurthy N, Brown D, Sjolander K: FlowerPower: clustering proteins
into domain architecture classes for phylogenomic inference of protein
function. BMC Evolutionary Biology 2007, 7:S12.
Storm CEV, Sonnhammer ELL: Automated ortholog inference from
phylogenetic trees and calculation of orthology reliability. Bioinformatics
2002, 18:92.
Brown MPS, Grundy WN, Lin D, Cristianini N, Sugnet CW, Furey TS, et al:
Knowledge-based analysis of microarray gene expression data by using
support vector machines. Proceedings of the National Academy of Sciences
2000, 97:262.
Eisen MB, Spellman PT, Brown PO, Botstein D: Cluster analysis and display
of genome-wide expression patterns. Proceedings of the National Academy
of Sciences 1998, 95:14863.
Gao L, Li X, Guo Z, Zhu M, Li Y, Rao S: Widely predicting specific protein
functions based on protein-protein interaction data and gene
expression profile. Sci China C Life Sci 2007, 50:125-134.

Page 12 of 12

29. Khatri P, Dr-âghici S: Ontological analysis of gene expression data: current
tools, limitations, and open problems. Bioinformatics 2005, 21:3587-3595.
30. van Noort V, Snel B, Huynen MA: Predicting gene function by conserved
co-expression. TRENDS in Genetics 2003, 19:238-242.
31. Gherardini PF, Helmer-Citterich M: Structure-based function prediction:
approaches and applications. Briefings in functional genomics & proteomics
2008, 7:291-302.
32. Marti-Renom M, Rossi A, Al-Shahrour F, Davis F, Pieper U, Dopazo J, et al:
The AnnoLite and AnnoLyze programs for comparative annotation of
protein structures. BMC Bioinformatics 2007, 8:S4.
33. Martin ACR, Orengo CA, Hutchinson EG, Jones S, Karmirantzou M,
Laskowski RA, et al: Protein folds and functions. Structure 1998, 6:875-884.
34. Pal D, Eisenberg D: Inference of protein function from protein structure.
Structure 2005, 13:121-130.
35. Ponomarenko JV, Bourne PE, Shindyalov IN: Assigning new GO
annotations to protein data bank sequences by combining structure
and sequence homology. Proteins: Structure, Function, and Bioinformatics
2005, 58:855-865.
36. Thornton JM, Todd AE, Milburn D, Borkakoti N, Orengo CA: From structure
to function: approaches and limitations. nature structural biology 2000,
7:991-994.
37. Chikhi R, Sael L, Kihara D: Real-time ligand binding pocket database
search using local surface descriptors. Proteins: Structure, Function, and
Bioinformatics 2010, 78:2007-2028.
38. Sael L, Kihara D: Binding ligand prediction for proteins using partial
matching of local surface patches. International Journal of Molecular
Sciences 2010, 11:5009-5026.
39. Sael L, Chitale M, Kihara D: Structure- and sequence-based function
prediction for non-homologous proteins. Journal of Structural and
Functional Genomics. Journal of Structural and Functional Genomics 2012.
40. Brun C, Chevenet F, Martin D, Wojcik J, Guenoche A, Jacq B: Functional
classification of proteins for the prediction of cellular function from a
protein-protein interaction network. Genome Biol 2003, 5:R6.1-R6.13.
41. Chua HN, Sung WK, Wong L: Exploiting indirect neighbours and
topological weight to predict protein function from protein-protein
interactions. Bioinformatics 2006, 22:1623-1630.
42. Letovsky S, Kasif S: Predicting protein function from protein/protein
interaction data: a probabilistic approach. Bioinformatics 2003, 19(Suppl 1):
i197-i204.
43. Nariai N, Kolaczyk ED, Kasif S: Probabilistic protein function prediction
from heterogeneous genome-wide data. PLoS One 2007, 2:e337.1-e337.7.
44. Sharan R, Ulitsky I, Shamir R: Network-based prediction of protein
function. Mol Syst Biol 2007, 3:88-100.
45. Deng M, Tu Z, Sun F, Chen T: Mapping gene ontology to proteins based
on proteinGÇôprotein interaction data. Bioinformatics 2004, 20:895-902.
46. Moult J, Hubbard T, Fidelis K, Pedersen JT: Critical assessment of methods
of protein structure prediction (CASP): round III. Proteins: Structure,
Function, and Bioinformatics 1999, 37:2-6.
47. Janin J: Protein-protein docking tested in blind predictions: the CAPRI
experiment. Mol BioSyst 2010, 6:2351-2362.
48. Friedberg I, Jambon M, Godzik A: New avenues in protein function
prediction. Protein Science 2006, 15:1527-1529.
49. Rodrigues A, Grant B, Godzik A, Friedberg I: The 2006 automated function
prediction meeting. BMC Bioinformatics 2007, 8:S1.
50. Soro S, Tramontano A: The prediction of protein function at CASP6.
Proteins: Structure, Function, and Bioinformatics 2005, 61:201-213.
51. Lopez G, Rojas A, Tress M, Valencia A: Assessment of predictions
submitted for the CASP7 function prediction category. Proteins: Structure,
Function, and Bioinformatics 2007, 69:165-174.
52. The Gene Ontology in 2010: extensions and refinements. Nucleic Acids
Res 2010, 38:D331-D335.
53. Karp PD: What we do not know about sequence analysis and sequence
databases. Bioinformatics (Oxford, England) 1998, 14:753.
54. Schnoes AM, Brown SD, Dodevski I, Babbitt PC: Annotation error in public
databases: misannotation of molecular function in enzyme
superfamilies. PLoS computational biology 2009, 5:e1000605.
doi:10.1186/1471-2105-14-S3-S2
Cite this article as: Chitale et al.: In-depth performance evaluation of
PFP and ESG sequence-based function prediction methods in CAFA
2011 experiment. BMC Bioinformatics 2013 14(Suppl 3):S2.

